Recent papers have demonstrated that the yield stress and the Charpy ductile to brittle transition temperature shift at the high irradiation levels of a fusion power plant may be predicted from measurements at lower irradiation levels using neural networks. It was demonstrated that the extrapolation inherent in such predictions could be validated provided that network complexity was appropriately low. Simultaneous predictions of these metallurgical properties at the 100 dpa irradiation level and 400 o C irradiation temperature of a possible fusion power plant have been made for a series of ferritic/martensitic steels, albeit based on mainly fission data. Together with the readily available one hundred-year activation level, benefit functions are defined which can be used to predict the most suitable alloys for a fusion power plant from within existing databases. Our model is sufficiently flexible to allow a variety of possible benefit functions to be defined. The F82H, Eurofer and LA12 alloy series all receive a favourable rating, although all results presented here must be tempered with caution until more data at relevant irradiation levels and with relevant energy spectra become available.
Introduction: predicting the properties of steels under fusion power plant conditions
This paper presents a systematic method for finding the optimal alloy for a fusion power plant as defined by benefit functions for metallurgical properties, such as yield stress, Charpy toughness and activation level within existing alloys. At present there is a lack of available data at the very high neutron energies relevant to a fusion power plant so that the results presented here can only be provisional. Also only the above three metallurgical properties are considered here. Other properties such as corrosion resistance are important but suitable databases for irradiated alloys are not available at present. These properties can readily be incorporated into the method once sufficient suitable data is available to build the necessary neural network models.
The steels used in the structure of a fusion power plant have to undergo lifetime irradiation levels of order 100 displacements per atom (dpa) at operating temperatures of order 400 o C. It is important to find steels which have high yield stress (strength) combined with good toughness (not brittle) under these demanding conditions. At the same time, for environmental reasons, it is desirable that the alloy is not significantly activated after operation and subsequent storage. This is important both on the 1-year storage timescale of shutdown operations and on the 100-year timescale of ultimate waste storage. At the present time there is a general lack of metallurgical data under the conditions of a fusion power plant. The ITER experimental fusion plant [1] is under construction and scheduled to begin operation within the decade, but it will provide predominantly low-dose data. The proposed International Fusion Materials Irradiation Facility (IFMIF) [2, 3] will provide experimental data required for the validation of the materials design for fusion power plant facilities, but its construction has yet to be approved. There is little time available for alloy development and testing before the engineering design for the proposed first fusion power station DEMO needs to be complete [4] .
There exist databases for the yield stress [5] and for the Charpy transition temperature shift (fracture toughness) [6] of low activation ferritic alloys at a selection of irradiation levels and irradiation temperatures. Inevitably both these databases are heavily weighted towards lower irradiation levels and irradiation by thermal neutrons from fission sources, rather than fast neutrons from the fusion reaction. For example 93.3% of the yield stress data and 92.6% of the Charpy shift data lie below 20 dpa. Additionally, in cases where the materials are irradiated by a fast neutron source, such as a spallation neutron source or fusion power plant, it is expected that there will be additional physical effects which will not be visible in the data from thermal neutron irradiations. Another issue is helium embrittlement, which may well be present with fusion energy neutron irradiation, and which can be simulated at lower irradiation alloys by boron doping. Unfortunately the available databases contain very few alloys of this type. It is therefore not realistic to expect extrapolations from these data to accurately reflect the material behaviour under fusion neutron irradiation. However, even once suitable experimental facilities become available, it will be five years or more before definitive fusion power plant-relevant data are obtained. The purpose of this paper is to demonstrate applications of techniques for extrapolating from low-dose fusion-spectrum irradiation data -when these become available -to power plantrelevant regimes. Our published neural network studies using these databases showed that for both yield stress [7] and Charpy shift [8] it was possible to make reasonable predictions of the metallurgical properties at high irradiation levels, for example 20 to 100 dpa from training data below 20 dpa. The prediction accuracy of both yield stress and Charpy shift was examined as a function of the upper level of the test irradiation [9] . For both properties, the prediction accuracy increased with the upper level of irradiation of the training data. This suggests that the data at lower irradiations can provide a good basis for predicting the properties at higher irradiation levels, provided no major radiation-induced phase changes or other discontinuities are anticipated in the materials. These results provide the justification for this paper which seeks to use all available data to predict the likely metallurgical properties at the irradiation levels of around 100 dpa of a fusion power plant. Because this test irradiation level is so high all the alloys in the yield and Charpy databases are used for training.
If all available data are used for training the predictive results are improved. Previous neural network studies using the whole of the database for prediction have been published for both yield stress [10] and for Charpy shift [11] . These studies use 50% randomised selections of the whole dataset for training and used "committee" methods to combine different runs with different randomised selections from the data and different network complexities to determine the optimal prediction for the whole dataset. Their predictions at high irradiation levels were appreciably more precise than the predictions extrapolated from training data at lower irradiation levels reported here. The same methods could have been used in this study but there would have been no possibility of checking the accuracy of the predictions made. It is considered that the opportunity for at least some power plant relevant test data is worth the increase in prediction uncertainty resulting from omitting some of the training data.
The yield stress database [5] contains 1811 example alloys E i i=1, 1811 alloys with 37 input variables, including 31 atomic fractions A i,j j=1,31 defining the example alloy atom weight percentages, and six non-atomic variables B i,j j=1,6 defining the variables: cold work, irradiation temperature, radiation dose, helium dose, measurement temperature and a binary "as quenched" switch.
The Charpy database [6] is considerably smaller having some 459 specimens C k k=1,459 with 26 input variables including 19 atomic fractions inputs A k,j j=1, 19 . Again there were 6 non-atomic input variables B k,j j=1,6, but these were different from those in the yield stress database: they were the normalising temperature, normalising time, tempering temperature, tempering time, irradiation temperature, and irradiation dose. This database details the ductilebrittle transition temperature shift (∆DBTT) as a function of irradiation level. There is only a small (~4%) overlap with alloys present in the yield stress database.
In this study, the yield stress, Charpy shift and activation are predicted for all the alloys in both databases. No attempt is made in this paper to investigate arbitrary alloys which may have optimal performance since this raises the difficult problem of defining whether the proposed alloys lie within the predictive range of the training database. An immediate problem is that the two databases have partially different input parameters beside the atomic input parameters. The input parameters common to both databases are the cold work, the irradiation temperature and the radiation dose. Fortunately tests show that these are among the most important (salient) of the input parameters. It will be shown that the test predictions of the yield stress and Charpy toughness for fusion power plant-relevant conditions are not greatly changed by the omission of the remaining input parameters.
Having predicted the yield stress and Charpy shift for all the alloys in both databases it is relatively straightforward to evaluate their one hundred-year activation level at the 100 dpa irradiation level and 400 o C irradiation temperature of a possible fusion power plant. Tabulated data by Gilbert and Forrest [12] give the activation under typical fusion power plant conditions for each element and it is straightforward to evaluate the activation for any arbitrary alloy. In this case the irradiation level and energy spectrum are relevant to a fusion power plant so that the caveats we needed to make for the yield and Charpy databases do not apply.
With the yield stress, Charpy shift and activation evaluated for all alloys in the database, it is a simple procedure to find the optimal alloy within the two databases. Three benefit functions must be defined weighting the contributions from the yield strength, toughness and activation and a simple search is made through the database for alloys with the highest benefit function. There are complexities to this search. For example, although a high yield stress is generally desirable, a very high value is often associated with a low fracture toughness, so a median value may be optimal. Similarly the Charpy shift measures the ductile-brittle transition temperature shift (∆DBTT) as a function of irradiation level. At low temperatures, materials are generally brittle but become ductile at higher temperatures. The ductile-brittle transition usually occurs over a range of about 100 degrees. Under irradiation the ductile-brittle transition shift is generally shifted to higher temperatures. For ductile behaviour it is necessary for the transition to be below the operating temperature of the material. However, the database does not contain the absolute DBTT value, and a small ∆DBTT going from 50 o C to 100 o C is clearly less desirable than a large shift from -250 o C to -50 o C. In the following, a very high yield stress has therefore been used as a proxy for a high absolute DBTT, and is hence undesirable.
Predictions of yield stress and Charpy shift for fusion power plant relevant conditions
The neural network methods used here have been described in earlier studies [7 8, 9] . In summary, a neural network is a highly flexible, non-linear fitting method. The flexibility of the network depends on its complexity (number of hidden units, and number of input variables). By careful selection of these, a neural network acts as a smoothed interpolator for a dataset. The network itself does not know about any distinction between 'a priori' known physics embedded in parameters and relationships inferred by networks. Traditionally, this has meant that neural networks are not used for extrapolation beyond the training dataset. We have argued previously [9] that, as long as the data are relatively smooth and no new physics is expected beyond the dataset, some extrapolation is not unreasonable provided it is regarded as appropriately uncertain. In the Bayesian framework due to MacKay [15] , this uncertainty is treated explicitly, by the calculation of a modelling uncertainty representing the weighted spread of predictions of other likely networks. On extrapolating beyond the dataset, this uncertainty grows rapidly for a complex model but more slowly for a simple one. Therefore, if a simple model can be found which fits the observed data well, it is reasonable to use this model to extend predictions beyond the dataset, provided they are presented with appropriate caveats. For the results presented in this paper, the total irradiation dose for predictions is marginally outside the range of the available data, whilst the irradiation temperature and material parameters (composition, etc.) are within the range of the data. We do not expect any significant new physics to arise with this additional increase in radiation damage.
A numerical test of these procedures can be given by attempting to predict the metallurgical properties of a set of test alloys judged to be fusion power plant relevant. We shall depart slightly from the procedure of our previous papers by dividing the dataset into a validation set composed of alloys whose conditions are not too far from fusion power plant conditions, with the training and testing sets comprising all other alloys. The irradiation levels included for this "power plant relevant" region are from 25 to 55 dpa. The irradiation temperatures included are from 300 to 500 o C. Any level of cold work and test temperature will be included. This selection results in 70 out of 1811 or 3.8% of the dataset being used for validation in the case of yield stress, and 14 out of 359 or 3.1% for the case of Charpy transition temperature shift. This selection allows a reasonable number of validation points to be chosen and also allows access to training for the very few alloy examples with irradiation above 55 dpa (16 for yield stress: 4 for Charpy shift) and heat treatment above 500 o C (72 for yield stress: 3 for Charpy). The scatter plots of the two datasets in the two key variables of activation level and irradiation temperature are shown in figure 1 .
The results have been obtained using the "BIGBACK" code written by David MacKay [15] , run using the interface code "Model Manager" [16] . It includes a full Bayesian error treatment so that values of the property to be predicted are given an error bar defining the prediction uncertainty. This uncertainty represents the spread of neural network models which may fit the training data, whilst the nominal prediction represents the most probable model. Also it is able to lower the weightings of irrelevant variables automatically so that all possible input parameters may be included and the program itself is able to select and appropriately weight each of the possible input parameters.
(i)Yield stress (ii) Charpy shift
In figure 2 (i) we show examples of the performance achieved for prediction of the yield stress of this "fusion power plant relevant" data, when the data used for training and testing the network is the portion of the dataset outside this region. We show the results including just the three nonatomic input variables, cold work, irradiation temperature and radiation dose that are common to both datasets. The predictions are satisfactory despite the small number of hidden units and the reduced number of non-atomic input variables. In figure 2 ( Yield database: Predicted yield: 100 dpa 400 C Charpy database: predicted yield: 100 dpa 400 C |(Actual-predicted)|
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Predictions of the Yield stress and Charpy shift for irradiation at 100 dpa and 400
o C The next step is to use these predictive networks to estimate the yield stress and Charpy shift for the conditions of a fusion power plant for each of the alloys in the two databases. The conditions of the fusion power plant are based on the European Fusion Development Agreement (EFDA) Power Plant Conceptual Study (PPCS) [17, 18] . There are four versions of the design but this study will emulate Model A. This is a 1500MW electric power tokamak-like design using the same low activation ferritic martensitic steels as used in our databases and a Pressurised Water Reactor-like water-cooled lithium-lead diverter. The blanket operating temperature for Model A is 300 o C. Higher electrical efficiencies are obtained if this temperature can be raised. In Model B the range 300 o C to 500 o C is specified. In this study we therefore assume the average operating temperature of 400 o C. The maximum predicted irradiation level for the blanket material has been estimated at 150 dpa after 5 years. However no data is available for this level of irradiation and there is evidence that some saturation effects occur at high doses around 20 dpa [19] . We shall therefore assume a 100 dpa activation level corresponding to 16 months operation. We shall also assume no cold work. In figures 3 and 4 the crosses show the absolute value of the difference between measurements and predictions of the yield stress and Charpy shift for the alloys which make up the yield stress database. Predictions can be made for any irradiation level and temperature and the closed symbols show the value predicted by the network for the properties of each alloy, diamonds for the yield stress dataset and triangles for the Charpy shift dataset if the C and for no cold work. The triangles are for the Charpy dataset and the diamonds for the yield stress dataset. The heavy line shows the assumed Gaussian benefit function which is centred on zero and has a width of 100 K which will be discussed in section 5. measurement had been made with no cold work and at an irradiation of 100 dpa and an irradiation temperature of 400 o C. That is, each database alloy point is "shifted" to a reactor-relevant dpa and temperature level. The measurement temperature has been set to ambient temperature, 300 K.
Predictions of the activation
This is a much simpler operation and involves compilation of look-up tables that are able to predict the activation of any given alloy from published tables for each element. Here we have used the Handbook of Activation Data calculated using EASY-2003 by Gilbert and Forrest [12] . These authors present only certain data, such as the activation for material present in a fusion power plant for 5 years and measured at 10 -2 years (3.6 days), 1 and 100 years after the irradiation. All are useful for differing situations with different timescales ranging from active handling at a short shutdown, extended shutdown operations, and long term storage. Several further parameters are tabulated including the ingestion dose, the heat production and the inhalation dose. Also given is the "Clearance Index", a number defined such that under IAEA guidelines it can be disposed of with no special precautions if its value is less than unity [4] . This is available in the tables for one-year and one-hundred year activation periods. All these variables have been included in the program input data for each element and may be selected to contribute to the benefit function. The price per Kg of each element was also tabulated so that it could be used as part of the benefit function if desired [20] . Figure 5 shows the activation after 100 years for the alloys of the database. At this 100 year time there is a variation of two orders of magnitude over the alloys in the database.
Defining the benefit functions for yield stress, Charpy shift and 100 year activation
The heavy black lines shown in figures 3 to 5 show how each property (yield stress, Charpy shift and activation) may be multiplied by a "benefit function" to assess its suitability for operational use. For example it is assumed in figure 3 that an ideal yield stress might be around 600 MPa falling off slowly at both higher values, where it is associated with embrittlement, and at lower values where it is associated with alloy failure. A Gaussian distribution with a mean of 600 MPa and a half width at half height of 500 MPa has been assumed. Similarly in figure 4 it is assumed that the Charpy shift under irradiation should ideally be zero and would be seriously degraded at a shift of 100K and is represented by a Gaussian centred on the origin with a width of 100 K. It is assumed in figure 5 that the activation at 100 years should ideally be zero, and would seriously degrade at 10 units. Again a Gaussian distribution has been assumed. These levels are comparable to those required by the international regulations for safe disposal. While the peak values of these benefit functions are relatively easy to define based on engineering requirements, the widths are somewhat arbitrary, but it is straightforward to repeat the calculations for different widths. An optimal alloy must have simultaneously favourable yield stress, Charpy shift and activation level, so to find the overall benefit, the three individual benefit functions are multiplied together. For example: The individual and overall benefit functions for all the alloy steels in both the yield stress and Charpy databases. The display has been ordered so that the alloys are presented in decreasing order of overall benefit. Once again diamonds correspond to yield stress, triangles to Charpy shift and circles to activation. Some common alloys are indicated on the graph. 
The values of these parameters are summarised in Further benefit functions can easily be added and entered into the overall benefit product. Factors like alloy cost are easily evaluated for an alloy of arbitrary composition from readily available data. Factors like corrosion resistance are important, but relevant data is not so easy to obtain. In Figure 6 the alloys have been re-arranged into decreasing benefit order (log scale). It is seen that although model alloys like 9CrV perform well in this ordering, alloys such as F82H, Eurofer and LA12 are not far behind.
Conclusions
• A fusion power plant has demanding metallurgical problems. We presently lack power plant-relevant data on irradiated samples at the necessary high dpa levels and fusionrelevant neutron energies.
• The yield stress, Charpy shift and activation are important properties for which useful databases exist, especially at lower irradiation levels and at lower neutron energies.
• Neural networks can be used to extrapolate these metallurgical properties which appear to vary smoothly with irradiation level and temperature. They therefore provide a possible framework for predicting power plant-relevant properties from low-dose metallurgical data
• The alloys within the database have been weighted by a product of "benefit functions" to determine the most suitable of current alloys. These functions can easily be changed in accordance with engineering design criteria.
• Alloys which perform well with the assumed benefit functions, based on neural network models based on fission-spectrum data, include F82H, LA14 and Eurofer.
• Experimental fusion-relevant data from representative alloys are necessary to underpin further modelling of radiation-induced changes in material properties. When such data become available the methodology presented here can be reapplied to models trained on these data.
